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ABSTRACT
Flood Warning: A Generalized Approach to Forecast the Impacts of
Flooding Events Using ArcGIS Pro, QGIS, and Python
Robert Evan Smith
Department of Civil and Construction Engineering, BYU
Master of Science
Floods are the most common global natural disaster, and 1 billion people live in
floodplains worldwide adding to the impactful damage that inundation causes. Disaster managers
strive to mitigate damages to their communities but need to know what the impact of a potential
flood may be. GEOGloWS ECMWF Streamflow Services estimates forecasted streamflow
around the world. These forecasted streamflow’s can be used to create predicted flood extent
maps using Height Above Nearest Drainage (HAND) or Sedimentation and River Hydraulics Two Dimension (SRH-2D). Another method to obtain a flood map is using Setinel-1 satellite
Synthetic Aperture Radar (SAR) imagery. Flood maps alone will not demonstrate the impact of
the flood, but some exposure data will provide needed impact metrics. In this research, I wanted
to produce a general geoprocessing method for stakeholders to compute flood impact metrics
over any flood extent map using any exposure dataset. Additionally, I sought to create similar
geoprocessing workflows in ArcGIS Pro, QGIS, and stand-alone Python script so that the
stakeholders can choose the best suited method that correlates with their access and familiarity.
The general geoprocessing workflow was tested using three different global exposure datasets
(Agriculture, Infrastructure, and Population). The three different geoprocessing implementations
were tested in three areas that are of concern in the greater NASA SERVIR organization using
the same flood map and exposure datasets for each area. This research produced a feasible,
sustainable, successful, generalized geoprocessing workflow that computes flood impact metrics
from a flood map and global exposure datasets. The global datasets can be interchanged with
higher resolution exposure datasets specific to an area of interest generating more accurate
results. The three geoprocessing methods performed similarly. The results were slightly different
when the exposure dataset was a raster file as the conversion from raster to vector format
produced differences in rounding values and programming implementation. However, this
research’s findings are such that the three geoprocessing methods are comparable and that any of
the three geoprocessing implementations will produce reasonably similar flood impact results.
Ongoing work by the Brigham Young University (BYU) Hydroinformatics lab is to create a
Tethys web application that will allow stakeholders to view the flood map and flood impact of
areas of interest. Future work may include investigating the workflow workability on a global
scale, discovering and implementing global exposure data sources of better resolution,
researching more data metrics that can contribute to a more robust flood impact results, and
increasing the accuracy of flood impact results when compared among ArcGIS Pro, QGIS, and
Python.
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1

INTRODUCTION

Floods are the most common and the most expensive natural disasters [1–3]. Most
inundation happens in floodplains where flooding is recurrent and expected, and yet globally
almost 1 billion people live in these floodplains [4]. The projected global population for year
2100 is as high as 13.6 billion people [5]. Additionally, observational studies indicate an uptick
in frequency of flooding events around the world due to climate change [6,7]. Because there will
be an increase in population growth and civilization development combined with flood
frequency, over time the cost of damages per event due to inundation in flood prone areas will
increase [1,5–9]. Developing countries are most at risk in suffering from these costs and
damages, which will ultimately limit economic growth [10] because they lack the resources,
infrastructure, and government management systems to mitigate the impact of flooding events
[7,9]. Knowing when and where a flood will develop can help stakeholders implement protection
measures, which could be anything from creating levees that will contain the river to giving the
floodplain back to the river reverting it to its natural state, both of which have been effective
policies in the Netherlands [11]. Therefore, the creation of an effective, sustainable system that
captures the potential impact of any flood is essential for stakeholders to manage flood risk in a
way that will preserve the life, health, and property of their communities [6,10].
The hydrologic and hydraulic sciences have progressed to the point where the creation of
flood extent maps is considered a mature science [2]. The Hydroinformatics lab at Brigham
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Young University (BYU) has developed a set of web services to predict 15-day global
streamflow forecasts that is deployed as part of the Group on Earth Observations (GEO) Global
Water Sustainability (GEOGloWS) initiative and based on the same European Centre for
Medium-Range Weather Forecasts (ECMWF) [12] used in the Global Flood Awareness System
(GloFAS) [13]. Researchers at BYU have further advanced the GEOGloWS ECMWF
Streamflow Services (GESS) by creating a bias correction method from historical observations
where available. They demonstrated an improvement in the bias-corrected historical simulation,
which suggests that the bias correction method can be used to improve global forecasts where
historical observations are available [14]. GESS can be used to create flood extent maps as an
input for the Height Above Nearest Drainage (HAND) models and in Sedimentation and River
Hydraulics - Two-Dimension (SRH-2D) models in addition to other flood extent mapping
algorithms.
In 2019, Krewson investigated combining streamflow forecasts from GESS with the
HAND method to create flood extent maps in Bangladesh [15]. Krewson also created an
experimental Tethys application, an open-source development and hosting environment for
environmental web apps [16], that was used to visualize flood extent maps [15]. Edwards
expanded on Krewson’s research and investigated if the SRH-2D method provides better results
in an area of high importance compared to the HAND method within a reasonable effort of
setting up and running the model [17].
Besides the use of modeling techniques like HAND and SRH-2D, research has
commenced in developing algorithms to produce flood extent maps using satellite imagery such
as the Sentinel-1 mission’s two Synthetic Aperture Radar (SAR) satellites [18]. SAR imagery
has all-weather, day and night capabilities increasing the opportunities to capture flood extents

2

compared to optical imagery [2,19]. SAR imagery is able to penetrate cloud cover with high
resolution allowing the capture of flood extents immediately following an inundation event
[20,21]. SAR is an important alternative to capture flood extent maps in ungauged catchment
areas, such as in underdeveloped countries, where streamflow data are limited, nonexistent, or
where GESS may be inaccurate [9]. However, while the methods to obtain a flood extent map
continue to improve, a map alone is not enough for stakeholders to wisely implement limited
resources to flood prevention measures; they need to know the impact, or the severity of damage
caused by the flood event to enact flood prevention measures.
When a stakeholder knows the flood impact, an early flood warning system based on
streamflow forecasts can be effectively enacted, permitting the implementation of more resilient
flood protection measures [22]. A valuable window of time exists after the issuance of an early
warning and before potential disaster strikes [23]. This window of opportunity can be used in
humanitarian efforts as a time for forecast-based early action, which may include pre-positioning
critical resources, evacuating people, livestock, and other goods within the flood extent, or
building levees created by sandbags or other materials to decrease the flood damages on
infrastructure and agriculture [23,24]. Funding for forecast-based early action is called forecastbased financing [23,25]. Some studies have shown that about 12% of funding for disasters was
spent on reducing disaster risk, with the remaining 88% on the response, reconstruction, and
rehabilitation of communities immediately following the disaster [25,26]. Another study in
Nepal indicated for each US dollar invested in its forecast-based early action program, US $34 is
saved after the cost of investment over 20 years [27]. In order to get from flood maps to forecastbased early action and forecast-based financing is by finding the flood impact.
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The basic concept of this research is illustrated in Figure 1-1. Given a flood map and
exposure datasets for the same flooded area, this information is geoprocessed to produce a table
of quantifiable flood impact metrics. Because different stakeholders have varying access and
familiarity with different geoprocessing software and geoprocessing capable coding languages,
the creation of similar workflows in varying geoprocessing methods would be helpful as this
would allow stakeholders to use the method best suited to their strengths and would allow for
immediate application. Taking these into account, my research has the following objectives:
1. Develop a geoprocessing method for stakeholders to compute flood impact metrics
over any generalized flood extent map as described in Figure 1-1.
2. Be able to compute that flood impact from any generalized exposure dataset.
3. Create similar geoprocessing workflows in ArcGIS Pro, QGIS and Python.
4. Test these different geoprocessing workflows for multiple floods and locations.

Figure 1-1: Research objective from flood map to flood impact.
I will demonstrate in this paper that the different geoprocessing workflows operate
similarly by using the same flood map and global exposure datasets for agriculture,
infrastructure, and population at each test area. The different geoprocessing algorithms are
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generic in nature such that higher resolution or improved local exposure datasets can be
substituted for the global datasets used in the examples of this research.
The flood impact results will be displayed in tables in the different workflows. These
tables make it easy to export the flood impact results to a comma-separated values (CSV) file
where each line of the file is a data record. This CSV can be accessed alone or be imported to a
database of the stakeholder’s choice for easy future access. Since disaster managers are
constrained to a short time frame to make decisions, they are more concerned about retrieving
quantifiable impact results quickly that are within a reasonable margin of error. With
precomputed flood impact results stored in a CSV file, stakeholders can access the flood impact
results from the flood that is similar to the forecasted flooding event. This will allow
stakeholders to wisely implement flood prevention measures including forecast-based early
action and forecast-based financing.
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2

MATERIALS AND METHODS

The general research process developed in my research for deriving flood impact is shown
in Figure 2-1. The different flood extent mapping processes, the exposure data used in this study,
the different geoprocessing tools and methods used with a general overview of the workflows,
the flood impact table, the CSV file, and the use of a database will be discussed in subsequent
sections in this chapter. All flood maps, exposure datasets, and geoprocessing workflows can be
found for public use in the links provided in the appendix.

Figure 2-1: Research process overview.
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Flood Extent Mapping
While the methodology to determine impact is independent of the method used to create
the flood extent map, I will use flood extent map results from HAND, SRH-2D, and SAR
imagery for this study. Some flood maps vary in file type (i.e., raster/GeoTIFF or vector/ESRI
Shapefile). For the purpose of this research, I will only use a vector shapefile as the flood extent
map that will be used in each geoprocessing workflow. ArcGIS Pro and QGIS have inherent
geoprocessing tools to convert raster files to shapefiles. I created a Python script to convert raster
files to polygon shapefiles that is also available for public use and can be found at the link in the
appendix.

2.1.1

HAND
HAND is defined as the vertical distance of a grid cell with respect to its nearest

downslope cell that is within in a stream [28]. Essentially HAND delineates streamflow paths or
draining potential based on a Digital Elevation Model (DEM) [29,30]. HAND normalizes the
topography given by the DEM in regards to the stream drainage networks therefore showcasing
the stream networks per watershed [30]. The procedure to compute HAND is demonstrated in
Figures 2-2, 2-3, 2-4, and 2-5 and is taken from Krewson [15] and Nobre et al [30]. The flow
direction (Figure 2-2) and the flow accumulation (Figure 2-3) are created from the DEM. Flow
direction indicates in what direction the water will flow and the flow accumulation is the
summation of cells that flow into each cell. The stream threshold is determined by the user. In
Figure 2-3, the cell threshold is 7 to create a stream, meaning at least 7 upstream cells are
required to consider that it belongs to a stream. Next, the DEM is separated into nearest drainage
zones (Figure 2-4). Each cell is assigned a zone based upon the nearest drainage cell it flows
into. The zones are colored to show how water runoff would travel in a river based on flow
7

direction. The lighter cells specify runoff, and the darker cells specify the stream. Lastly, the
height values for HAND (Figure 2-5) are calculated for each cell by subtracting the elevation of
the nearest drainage cell from the elevation of the DEM for that cell.

Figure 2-2: HAND - flow direction.

Figure 2-3: HAND - flow accumulation.

Figure 2-4: HAND - nearest drainage.

Figure 2-5: Completed HAND.

A HAND raster represents the stage of the river in order to flood each cell [15]. For
example, using the HAND raster from Figure 2-5, a three-meter flood would inundate all cells
with a value of 3 or smaller as seen in blue in Figure 2-6.
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Figure 2-6: Three-meter flood.

2.1.2

SRH-2D
SRH-2D is a depth-averaged flow and sediment transport model for river systems that was

developed at the U.S. Bureau of Reclamation [31]. SRH-2D is a very stable and computationally
efficient model, and it is certified by the U.S. Federal Emergency Agency as meeting National
Flood Insurance Program requirements for flood hazard mapping activities [32]. SRH-2D
computes the 2D dynamic wave equations of St. Venant allowing for both steady and unsteady
flowrates [31,33]. The model is very capable of simulating flow through multiple stream reaches,
bars, vegetation lands, floodplains, and in-stream structures [31,34]. More than just being able to
simulate flow through a stream network, SRH-2D solves for the local water elevation [34], local
flow velocity direction [33], eddy patterns, and shear stress on all sides of the river channels
[31]. SRH-2D implements surface roughness with Manning’s n coefficient and automatically
manages the wetting and drying of grid cells [34]. Figure 2-7 shows a simplified process of
generating flood map in SRH-2D. The modeler will gather the bathometry, terrain, and other
necessary data for a section of a river channel and create a mesh or grid based on boundary
conditions. These boundary conditions consist of inflow and outflow of the river. The SRH-2D
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model will run and create a water depth map consistent with the boundary conditions. This water
depth map may also be a flood map, which can be exported to a shapefile and used in
determining flood impact.

Mesh Boundary
With Water Depth

Mesh Boundary

Water Mask Over
Satellite Image

Figure 2-7: SRH-2D flood map process

2.1.3

Sentinel-1 SAR Imagery
Sentinel-1 SAR imagery has become a viable method for flood mapping applications.

Unlike its predecessor Landsat, which is an optical imagery satellite service, SAR imagery has
all-weather and day and night capabilities [2,19], the ability to penetrate cloud cover with high
resolution allowing the capture of flood extents immediately following an inundation event
[20,21], and provides data to create flood extent maps in ungauged catchment areas [9]. The
caveat of using SAR imagery is that the Sentinel-1 SAR satellites that produces the open-source
data have an orbit that achieves global coverage in 12 days, with some areas getting coverage in
as little as every 6 days [20]. Because of this spaced-out collection of data, inundation extent
maps from this service will only be able to capture flood event if the satellite is right above the
area of interest during the actual event [20]. SAR is purely an observational method of historical
10

inundation events, but through machine learning, it may be possible to “predict” flood extent
maps based on forecasted river flow from models like GESS [9].
Figure 2-8 illustrates the workflow taken from Markert et al. that was used to acquire flood
maps using SAR imagery for this research [35].

Figure 2-8: SAR flood map process.
The Sentinel 1 imagery is retrieved and processed through Google Earth Engine (GEE) and
a water mapping algorithms based Otsu’s method is applied [35,36]. Markert et al. states that the
“Otsu’s method is a histogram-based thresholding approach w[h]ere the inter-class variance
between two classes, a foreground and background class, is maximized” [35]. Next, to remove
inaccurate results, a HAND filter is applied, which includes an elevation threshold where only
observations under 30 m are kept. Lastly, a surface water map is produced as a raster GeoTIFF
11

file that can be exported to the users google drive [35]. Marker et al. give a further in-depth
explanation of the creation of surface water maps from SAR imagery [35].

Exposure Data Sources
Exposure data used in this research will be explained in this section. I sought out reliable
global data for agriculture, population, and building infrastructure to demonstrate the general
functionality of the flood impact workflows. Although there are many possible sources for these
metrics, datasets from croplands.org, worldpop.org, and openstreetmap.org were selected for use
after consulting with stakeholders at NASA SERVIR and the World Bank. Additional datasets
that are not within the scope of agriculture, population, and building infrastructure could be used
to determine supplementary flood impact results. Additionally, different datasets from alternate
providers or higher resolution datasets could be substituted in place of the datasets used in this
study. Though the workflows and algorithms are generalized to work with any exposure data, for
demonstration purposes, this study will focus on these agricultural, population, and building
infrastructure exposure datasets.

2.2.1

Agriculture
Agricultural damage from flooding can be significant and an important part of fully

understanding the impact of inundation in an area. Crops are a primary food source for every
community. Food security is one of the greatest threats facing humanity in the 21st century [37].
The Global Food Security Analysis-Support Data at 30 Meters (GFSAD30) project houses their
data at the global croplands website [38]. The data gathered is from a snapshot of the world in
2015 using Landsat data [39]. Although this data was primarily created to improve agricultural
irrigation practices that ensure food security for a rising population [37], this data does show
12

where agricultural cultivation is located on a 30 m resolution global scale with an overall country
by country accuracy ranging from 76% - 100%, which can be found at the global croplands
website [38]. The data is delivered in a raster form with three different values: 0) water, 1) nonagriculture land, and 2) agriculture. The raster files come in a 10° latitude by 10° longitude
blocks throughout the world.

2.2.2

Population
Normally, society is concerned with impact to civilization rather than undeveloped areas.

Therefore, population data is an essential metric in quantifying flood impact. WorldPop as an
organization develops “peer-reviewed research and methods for the construction of open and
high-resolution geospatial data on population distributions” for every country in the world [40].
Census data is gathered and simplified by a team of experts into a 100 m spatial resolution raster
datasets for each country [41]. There are two options of datasets for population demographics:
top-down datasets and bottom-up datasets. According to the WorldPop website, bottom-up
datasets are the preferred population dataset as they have “more accurate outputs than top-down
approaches where census data are outdated and/or…are highly uncertain” and also “highlights
where caution in using the data should be exercised” due to uncertainty [40]. Governments
lacking resources may have unreliable census data as well, but the advantages outweigh the
disadvantages for bottom-up datasets and are therefore the preferred datasets for this study.

2.2.3

Infrastructure
The third exposure dataset used for a baseline flood impact analysis would be to see what

building infrastructure would be affected by a flooding event. Data from the open-content
licensing mapping service OpenStreetMap (OSM) was used for this study and can be found at
13

the OSM website [42]. The Missing Maps Partnership, which has the backing of the International
Federation of the Red Cross Red Crescent Societies (IFRC), is a collaborative project in which
volunteers generate building infrastructure data in OSM that is validated by experienced remote
mappers and by volunteers on the ground [43,44]. Since 2014, there have been over 145,000
volunteers who have contributed to the Missing Maps mapping projects through the creation and
validation of map material and is fairly accurate in third-world countries [44,45]. However, the
wiki page about the data comes with a warning that “the maps might not be reliable” as they are
an ongoing work-in-progress and should be used with common sense and in conjunction with
official sources when available [46]. This data provides information about locations of most
concern, such as healthcare facilities, first-responder facilities, and educational facilities. OSM
has a data attribute called “amenity.” Amenity is a classification of infrastructure in an area from
a predetermined list of options found at the wiki page [46]. Amenities fall in a broader group for
easy classification called “Amenity Group.” For example, an amenity named “school” will be
categorized in the broader “education” group. This data can be used to determine what building
infrastructure is within a flood extent area. The OSM dataset can be extracted as a multipoint
shapefile. A bounding box can be drawn on the web map located on the website to gather the
dataset for a specific location.

Geoprocessing Tools and Methods
Different stakeholders will have varying familiarity with different geoprocessing software
and geoprocessing capable coding languages. To make this research usable for a wider audience,
I have created similar workflows in three different geoprocessing utilities to produce the flood
impact metrics, namely ArcGIS Pro, QGIS, and Python using open-source modules that replicate
geoprocessing capabilities without the aid of ArcPy or PyQGIS native libraries. Each workflow
14

will produce very similar flood impact results using the same datasets as can be seen in the
results chapter of this research.
The following section is a general description of each geoprocessing method and a more
in-depth explanation of the specific tools and modules each method uses in its workflow. It
should be noted that when geoprocessing multiple datasets together, the same coordinate
reference system (CRS) should be used. For this research, the World Geodetic System 1984
(WGS 84) or the European Petroleum Survey Group (EPSG) code 4326 was used for all datasets.

2.3.1

ArcGIS Pro
Table 2-1 showcases the geoprocessing tools used in the workflow with a brief

explanation.
Table 2-1: ArcGIS Pro Geoprocessing Tools Description
Add Field
Alter Field
Calculate Field
Clip Raster
Int
Intersect
Merge
Raster to Point
Set Null
Summary Statistics

Adds a new field to a table or the table of a feature class, feature layer,
and/or rasters with attribute tables.
Renames fields and field aliases, or alters field properties
Calculates the values of a field for a feature class, feature layer, or raster.
Cuts out a portion of a raster dataset, mosaic dataset, or image service layer.
Converts each cell value of a raster to an integer by truncation.
Computes a geometric intersection of the input features. Features or portions
of features that overlap in all layers or feature classes will be written to the
output feature class.
Combines multiple input datasets into a single, new output dataset. This tool
can combine point, line, or polygon feature classes or tables.
Converts a raster dataset to point features.
Set Null sets identified cell locations to NoData based on a specified
criterion. It returns NoData if a conditional evaluation is true, and returns the
value specified by another raster if it is false.
Calculates summary statistics for fields in a table.

ArcGIS Pro is a proprietary desktop geographical information system (GIS) application
from Esri. With ArcGIS Pro, geospatial data, such as raster and vector data, can be viewed,
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analyzed, and produced into 2D maps. Multiple files such as maps, layouts, data, etc. can be
stored in a project that will have its own geodatabase with the file extension “.gdb.” ArcGIS Pro
will only work on a computer with a quad-core intel processor and will not operate on non-intel
processors [47]. ArcGIS Pro version 2.4.0 was used in this research.

2.3.2

QGIS
QGIS is a free and open-source cross-platform professional desktop GIS application that is

comparable with ArcGIS Pro. QGIS operates under the GNU General Public license. Geospatial
data such as raster and vector data can be viewed, analyzed, and processed into 2D maps [48].
QGIS version 3.14.15-Pi was used in the creation of the QGIS workflow. Table 2-2 showcases
the geoprocessing tools used in the workflow with a brief explanation.
Table 2-2: QGIS Geoprocessing Tools Description
Aggregate
Clip Raster by Extent
Clip Vector by Extent
Clip Vector by Mask Layer
Field Calculator
Fix Geometries
Merge Vector Layers
Raster Calculator
Raster Pixels to Points
Rename Field
Symmetrical Difference
Translate (Convert Format)

Returns an aggregate value calculated using features from another
layer.
Clips any GDAL-supported raster file to a given extent.
Clips any OGR-supported vector file to a given extent.
Clips any GDAL-supported vector file by a vector mask layer.
Performs calculations based on existing vector attribute values or
defined functions.
Fixes an invalid geometry vector files by filling in holes or
overlapping polylines produced from raster file.
Combines two or more vector layers including the attribute values.
Performs calculations based on existing raster pixel values. The
results are written to a new raster layer with a GDAL-supported
format.
Converts each raster pixel to a vector point located at the centroid of
each raster pixel.
Renames a field column in vector attribute table.
Creates a layer containing features from both the input and overlay
layers but with the overlapping areas between the two layers
removed. It is the opposite of intersect.
Takes a GDAL-supported raster file and changes a specific value to
NoData among other things not used in this study.

16

2.3.3

Python
Python is a coding language that is developed under an OSI-approved open-source license.

Python is therefore free to use and distribute for personal and commercial use. There are
thousands of third-party modules or libraries that have been created by the python community to
perform different operations, including geoprocessing functionalities [49]. Python 3.8.3 was used
in the creation of the workflow. Unlike ArcGIS Pro and QGIS, the Python workflow does not
require a user interface to execute the workflow, which has advantages for using in other
applications. Table 2-3 identifies the modules used in the workflow with a brief description [50].
Table 2-3: Python Modules And Descriptions
Contextily
Fiona
GeoPandas
GeoRasters
JSON
Matplotlib
NumPy
OS
OSGeo
Pandas
Rasterio
Seaborn
Shapely
Shutil

Retrieves tile maps from the internet and can add those tiles as base maps to
matplotlib figures or write tile maps to disk into geospatial raster files.
GDAL’s neat and nimble vector API for Python programmers. Focuses on reading
and writing data in standard Python IO style.
Adds support for geographic data to pandas objects. Combines the capabilities of
pandas and shapely.
A fast and flexible tool to work with GIS raster files. It tries to do for rasters what
GeoPandas does for geometries.
A lightweight data interchange format inspired by JavaScript object literal syntax. It
is a built-in python package.
A comprehensive library for creating static, animated, and interactive visualizations in
Python.
It provides a powerful N-dimensional array object, useful linear algebra, efficient
multi-dimensional container of generic data, and much more.
Provides functions for interacting with the operating system. OS comes under
Python’s standard utility modules.
OSGeo is a dummy placeholder for the GDAL package. Functionality includes
import/export of data, reprojection tools, GIS analysis, and plotting and printing.
Provides fast, flexible, and expressive data structures designed to make working with
“relational” or “labeled” data both easy and intuitive.
Rasterio reads and writes geospatial raster data and provides Python API based on ND arrays.
A library for making statistical graphics in Python. It is built on top of matplotlib and
closely integrated with pandas data structures.
A package for manipulation and analysis of planar geometric objects. Based on
GEOS and JTS libraries.
Offers a number of high-level operations on files and collections of files. Functions
are provided which support file copying and removal.
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Storage of Processed Flood Impact Data
The flood impact results calculated for a given flood map can be stored in a CSV file so
that these metrics can be recalled for a future flooding event in the same location based on
forecasted streamflow. A CSV file is versatile because a stakeholder can either add results to a
master CSV file or they can import a CSV file to a database that is stored under their control.
Popular databases include but not limited to MySQL or Postgres, which both are relational
databases that utilize the SQL coding language. One of the foundational pillars of this research is
to make these workflows as general as possible so that a stakeholder can manipulate these
workflows to better predict the flood impact relevant to their interested areas. A CSV file is a
very general method of storage of flood impact metrics that can be utilized independently or in a
database of the stakeholder’s choice. For this reason, a specific database beyond a CSV file was
not chosen as the standard for this research.

Flood Impact Workflow Overview and Purpose
The tools in ArcGIS Pro, QGIS, and python operate similarly. Because of this, the
workflow will be described generally as illustrated in the overview of Figure 2-9. The ArcGIS
Pro workflow was created using the built in Model Builder feature that enables the user to
connect a series of analyzing tools and datasets to geo-process all at once. The QGIS workflow
was created using the built in Graphical Modeler, which functions the same as Model Builder.
The Python workflow utilized premade modules with built in functions as well as new functions
created specifically for the flood impact workflow that replicates geoprocessing capabilities.
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Figure 2-9: Geoprocessing workflow overview.
The workflow starts with clipping the agriculture and population datasets by the extent of
the flood map. This saves on execution runtime as the rest of the geoprocessing is only executed
for the area of interest rather than the entire domain of the original datasets. Next, each raster cell
value is converted to an integer. The population dataset has the values rounded to a whole
number and the agriculture dataset forces the values to be consistent without trailing zeroes. The
agriculture dataset gets further manipulated to transform the values of “0” and “1” to be
“NoData” leaving only the value of “2,” which is the value representing cultivated land. Next,
both the agriculture and population datasets are changed from a raster to a point shapefile. A
single point within each raster cell encapsulates all data information of that cell to that point. The
raster to point shapefile conversion is done because working with consistent formats (vector in
this case) is easier than working with mixed raster and vector formats. A field or column is added
to the agriculture dataset attribute table called “Hectares” with the value of 0.09 because a 30m x
30m square is 0.09 ha. The population dataset has a field “value” changed to “Population”, so it
is easier to interpret the various columns and numbers with the flood impact metric.
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As for the OSM dataset, two fields are added called “Amenity” and “Amen_Group.” The
“Amenity” field stores the specified amenity, which is the description of the building
infrastructure at that point. The “Amen_Group” stores the broader group the amenity falls in, for
example the amenities “school” and “library” would each fall in the broader amenity group
called “Education.” A special function utilizing regular expressions is used to extract the name of
the amenity in the long string stored in the “other_tags” field. Another special function was
created using the python language that categorizes the amenity into its broader group. At this
point, all point shapefiles are now intersected with the flood map leaving only the values that are
housed in the flood map. A summation of the flood impact metrics is performed. This can be
done by using summary statistics in ArcGIS Pro, aggregate in QGIS, or GeoPandas .sum()
feature in Python. Finally, the results are merged and stored in tables for ArcGIS Pro and QGIS;
and Python prints the GeoPandas data frame summations. Following the calculation of flood
impact, the results are exported to a CSV file in which the stakeholder may import to a location
or database of their choice. Furthermore, in Python, there are existing libraries with code that
will convert the flood map, agriculture, infrastructure, and population datasets into GeoJSON
files if the stakeholder would like to store them in addition to the flood impact results into a
location or database of their choice.
The purpose of these workflows is to obtain usable impact metrics for stakeholders to
make informed decisions to mitigate flood damages. Each workflow produces very similar
results when compared to one another. This falls in line within the objectives of this research as
has been previously stated. Whichever geoprocessing implementation a stakeholder would like to
use that is best suited to their strengths can be immediately implemented given a flood map and
exposure datasets.
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Limitations
In these workflows, raster data is converted to point vector data. It is recognized that a
flood extent map may simultaneously cover a portion of a raster cell and may or may not cover
the specific point housing information that was converted from that raster cell. This circumstance
will produce minor result differences because it is assumed that the points ultimately counted and
not counted will balance out enough to account for all partially covered raster cells.
The nature of a raster is to use a matrix of cells organized into a grid where each cell has a
value representing information such as population [51]. The population information may only be
present in a corner of the cell, but that information counts for the whole cell. Converting the
cell’s value to a point will not necessarily place the information in the same location in the cell as
it was gathered from. Raster data represents information for a given resolution. With better
resolution, the data has better representation for a precise location.
One of this research’s objectives is to create a feasible and general workflow that produces
flood impact results. Feasible flood impact results would be results that are reasonable, likely,
and probable. These results are to help stakeholders and disaster managers make quick decisions
in wisely implementing flood protection measures or in pre-positioning necessary resources to
help with post-disaster recovery. For these reasons, the limitations of classifying whole raster
cells can be justified in the context of the research objectives for this study.
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3

RESULTS

The results chapter will be separated into two main sections. The first section will focus on
this research’s first objective of showing a feasible and general geoprocessing method to
compute flood impact metrics over any flood extent map using any exposure datasets. The
second section will compare the results of three different locations utilizing each geoprocessing
implementation using the same flood map and exposure data in each area.. The three different
study areas are as follows: Inirida, Colombia; Chazuta, Peru; and Krok Phra, Thailand. Each
study area will illustrate each geoprocessing method using a different flood extent map method;
Inirida, Colombia will use the SRH-2D method, Chazuta, Peru will use the HAND method, and
Krok Phra, Thailand will use the SAR imagery method.
For general background information, each area will receive a brief introduction:
•

Inirida, formerly Puerto Inirida, is the capital city of the Guainia province in
Colombia. Inirida is situated at the confluence of the Inirida and Guaviare Rivers
on the northern end of the Amazon basin. The flood extent map for Inirida,
Colombia is a shapefile created using the SRH-2D method based off a flowrate of
10,786 cms from the Inirida River and 7,246 cms from the Guaviare River.

•

Chazuta, Peru is located at the eastern base of the Andes Mountain range in the
north central area of Peru in the province of San Martin. The town is situated on the
banks of the lower Huallaga River, which is on the western edge of the Amazon
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Basin. A 10 m HAND flood extent map was created for Chazuta, Peru and
converted to a polygon vector shapefile.
•

Krok Phra is a district in the Nakhon Sawan Province in central Thailand.
According to the GEOGloWS ECMWF streamflow forecasts from September 27,
2021, to October 3, 2021, Thailand’s reach ID 5072354 located on the Chao Phraya
River near Krok Phra indicated a flooding event. After confirming with SAR
imagery that there was a flood, a flood map for Krok Phra, Thailand was created.
This flood map was used as the input for the flood impact workflows.

General Flood Impact Geoprocessing Method
Inirida, Colombia will be the study area in which the general geoprocessing method to
compute flood impact metrics will be demonstrated. The general geoprocessing workflow
described in the previous section was used to compute the flood impact metrics in Inirida,
Colombia. Figure 3-1 shows the SRH-2D flood map for Inirida as well as its relative location in
Colombia.
Figure 3-2 shows the original raster values for the agriculture data compared to the final
result of the agriculture data in the inundation zone.
Figure 3-3 shows the original vector locations of the infrastructure data compared to the
final result of the infrastructure data in the inundation zone.
Figure 3-4 shows the original raster values for the population data compared to the final
result of the population data in the inundation zone.
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Figure 3-1: Inirida, Colombia SRH-2D flood map.

Figure 3-2: Inirida, Colombia existing agriculture compared to flooded agriculture.
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Figure 3-3: Inirida, Colombia existing infrastructure compared to flooded infrastructure.

Figure 3-4: Inirida, Colombia existing population compared to flooded population.
As can be seen for each data exposure case, the general geoprocessing over a given flood
map was feasibly accomplished. The remaining agriculture, infrastructure, and population data
are all located in the flood map. This indicates that all remaining data that will be summarized
into quantifiable numbers will be within the inundation zone. The quantified flood impact results
for Inirida, Colombia will be further illustrated in the following section. Additionally, Chazuta,
Peru and Krok Phra, Thailand will also be illustrated in the following section.
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Comparison of the Different Geoprocessing Implementations
Each study area went through the different geoprocessing workflows in ArcGIS Pro,
QGIS, and Python. The following tables in this chapter’s section will show the comparison of
population, agriculture, and building infrastructure for the different geoprocessing
implementations for each study area.
The full flood impact results for Inirida, Colombia are reported in Table 3-1.
Table 3-1: Inirida, Colombia Flood Impact
ArcGIS Pro

QGIS

Python

Population

8222

8267

9109

Agriculture (ha)

88.38

88.38

88.20

Amenity Group

-

-

-

Public Service

1

1

1

Transportation

1

1

1

The full flood impact results for Chazuta, Peru are reported in Table 3-2.
Table 3-2: Chazuta, Peru Flood Impact
ArcGIS Pro

QGIS

Python

Population

2121

2175

2264

Agriculture (ha)

44.10

44.10

44.19

Amenity Group

-

-

-

Education

17

17

17

Entertainment

1

1

1

Healthcare

3

3

3

Others

1

1

1

Public Service

1

1

1

Transportation

1

1

1
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The full flood impact results for Krok Phra, Thailand are reported in Table 3-3.
Table 3-3: Krok Phra, Thailand Flood Impact
ArcGIS Pro

QGIS

Python

Population

3348

3441

3345

Agriculture (ha)

8595.18

8591.04

8763.21

Amenity Group

-

-

-

Food

1

1

1

Others

2

2

2

Transportation

1

1

1

Additional figures produced for Inirida, Colombia; Chazuta, Peru; and Krok Phra,
Thailand may be found in the appendix. Additionally, the source code, flood maps, exposure
datasets, and flood impact metrics CSV file can be found on either the BYU Hydroinformatics
GitHub or on my Hydroshare account, which both links can be found in the appendix.
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4

DISCUSSION OF RESULTS

Each geoprocessing workflow operates similarly, but not identically. Overall, the flood
impact results from the three different geoprocessing methods for each area are similar. In each
study area, the total amenities describing infrastructure are identical for all three geoprocessing
implementations. The total population count and total hectares of agriculture vary slightly for
each geoprocessing method. However, Tables 3-1, 3-2, and 3-3 demonstrates the similarities of
the results.
In Table 3-1 describing Inirida, Colombia, the total hectares of agriculture are either 88.38
ha in ArcGIS Pro and QGIS or 88.20 ha in Python. The total population is very similar in
ArcGIS Pro and QGIS varying by 45 people from a spread of 8222-8267 people. Python varies
more at a total of 9109 citizens.
In Table 3-2 describing Chazuta, Peru, again, the total hectares of agriculture are
practically the same by either being 44.10 ha in ArcGIS Pro and QGIS or 44.19 ha in Python,
and the population is within a spread of 143 people from 2121-2264 citizens between ArcGIS
Pro, QGIS, and Python.
In Table 3-3 describing Krok Phra, Thailand, the total hectares of cropland in the inundated
area are practically the same in ArcGIS Pro and QGIS varying by 4.14 ha over a spread of
8591.04-8595.18 ha. Python indicates about an extra 168 ha compared to ArcGIS Pro and QGIS.
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The population for ArcGIS Pro and Python differs by 3 people and QGIS has about 100 extra
citizens in the inundated area over a spread of 3345-3441 people.
The flood impact results are similar for all three geoprocessing methods, indicating that
any method can be used with confidence to evaluate the flood impact of an inundated area.
However, the differences in obtaining the total hectares of agriculture and total population within
the inundated area can be attributed to different programming implementations and rounding
differences between the different geoprocessing methods.
Each geoprocessing method uses similar, but different algorithms to arrive at the flood
impact results. For example, ArcGIS Pro and QGIS both convert raster cells to points by placing
the point at the centroid of the raster cell, whereas python converts raster cells to points by
placing the point at the northwest corner of a raster cell. This difference can be easily seen in
Figure 4-1 and Figure 4-2 by looking at a close-up of the population dataset in Chazuta, Peru.

Figure 4-1: ArcGIS Pro and QGIS raster
to point in flooded area.

Figure 4-2: Python raster to point in
flooded area.

Upon further inspection of the python points in the flooded area, it was found that even
though the points are defaulted to the northwest corner of the raster cell, the points domain shifts
from the original raster cell to northern bordered raster cell. Essentially the information in the
raster cell gets shifted one spatial resolution north of the original raster cell. A comparison of
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python to ArcGIS Pro and QGIS is demonstrated below in Figure 4-3. The gray cells represent
raster cells with population data and the blue cells represent flooded raster cells. The red dots are
the representation of the gray raster cells converted to a point with the location output for each
geoprocessing method. In each workflow, the remaining points that are clipped with the flooded
cells are one, but which cell is clipped is slightly different. In python, the population point that
was clipped with the flooded cells belongs to the bottom right population cell, whereas in
ArcGIS Pro and QGIS population point clipped with the flooded cells belongs to the bottom left
population cell.

Figure 4-3: Raster to point comparison.
The second reason stems from how each geoprocessing method is programmed to round
float values to integer values. In ArcGIS Pro, the “Int” geoprocessing tool was used. The “Int”
tool always truncates a float to an integer value [47]. The python workflow does the same thing.
QGIS will round float values to integer values in the conventional manner. These rounding
methods are demonstrated in Figure 4-4.
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Figure 4-4: Rounding float values to integer values.
Because of these two variations, the resulting impact metrics will have slightly different
values for population and agriculture within the flood extent. These findings are still acceptable
as they are within the bounds of the limitations and the objectives of this research.
Aside from the small variations in approaches used to geoprocess the data, the flood
impact results are comparable, and it is evident that the three different implemented methods
function similarly. This research’s findings for showing a feasible method in ArcGIS Pro, QGIS,
and open-source Python modules to compute flood impact metrics are within reasonable limits to
be used confidently. The results are similar and reasonable that any geoprocessing workflow will
work for a stakeholder, and they can choose the geoprocessing workflow that suits them best. In
essence, all four objectives have been achieved.
I developed a geoprocessing method for stakeholders to compute flood impact metrics over
any generalized flood extent map. I was able to compute flood impact from any generalized
exposure dataset. I created similarly functioning geoprocessing methods in ArcGIS Pro, QGIS,
and stand-alone Python script. Lastly, I tested the different workflows for multiple floods and
locations and each location had comparable results between the different geoprocessing methods.
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5

CONCLUSION

Floods are the most common natural disaster [1,2] and continue to increase in frequency
every year due to climate change [6,7]. The science community has advanced simulating flood
events to the point that flood mapping is considered a mature science [2]. Quantifying the impact
of flood events for communities across the globe is an important step to improve the resilience of
flood disaster management going forward. The ArcGIS Pro, QGIS, or Python geoprocessing
workflows can be used to produce flood impact metrics for an area of interest. These workflows
may help stakeholders as they will need to make speedy decisions to mitigate disaster in their
communities. Since the workflows are general in method and procedure, they can be altered to
better suit the needs of the area of interest as determined by the user.
The objectives of this research have been met. A feasible and general geoprocessing
method was produced that will output flood impact metrics based on a given vector flood map
and any exposure dataset. Also, similar flood impact results were produced using the ArcGIS
Pro, QGIS, and Python geoprocessing implementations so that different stakeholders with
varying access and familiarity may choose which utility to use and still obtain reasonable flood
impact metrics to make protection measures that will mitigate flood disaster. The flood impact
results from each geoprocessing method for the exact same exposure data and flood map are
reasonable and similar when compared to each other. This general geoprocessing method is
functional and may be improved upon in future work.
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Ongoing work is being pursued at the time of this publication by the BYU
Hydroinformatics lab to create a web application viewer that will display the flood map and the
flood impact stored in a CSV file or a database. This web application is being created using the
Tethys platform [16]. The web application’s projected availability from the Tethys portal is in
year 2022. Future work that is outside the scope of this research’s objectives may include:
•

Investigating each workflow’s workability on a global scale.

•

Discovering and implementing global exposure data sources of better resolution.

•

Researching more data metrics that can contribute to more robust flood impact
results.

•

Making the different geoprocessing workflows in ArcGIS Pro, QGIS, and Python
more accurate when compared to each other.

So far, the areas that were investigated were Chazuta, Peru; Inirida, Colombia; and Krok
Phra, Thailand. These areas were chosen as they are in countries of interest to the greater NASA
SERVIR organization. Although it is known that these study areas are not negatively affected by
any of the geoprocessing workflow, further investigation is recommended on other areas around
the world to determine if the workability of each workflow is still suitable on a global scale.
This research only investigated agriculture, building infrastructure, and population as
metrics that would be impacted by flood events. There may be other metrics of interest for a
specific area that were not shown in this study (e.g., social-economic datasets). Additional
exposure datasets for metrics of interest are suggested to be further researched. Additionally, the
compatibility of alternative exposure data sources used in the geoprocessing workflows should
also be investigated as new exposure data sources are discovered or produced.
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These general geoprocessing flood impact procedures are an essential component to
mitigate flooding disasters. Flood impact fills the gaps in actionable flood mitigation. This
information is necessary to enact forecast-based financing and forecast-based early action.
Stakeholders now have an open source, effective, sustainable system to capture the potential
impact of any flood allowing these stakeholders to preserve the life, health, and property of their
communities.
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APPENDIX A

Hydroshare link of the resources, flood maps, and exposure datasets used in this research:
http://www.hydroshare.org/resource/0208bf273b2b4c14b67787db6deb45eb
The GitHub link to the ArcGIS Pro Model Builder, QGIS Graphical Model, and the Python
scripts that do the geoprocessing of the workflows used in this research:
https://github.com/BYU-Hydroinformatics/flood_impact.git

Figure A-1: ArcGIS Pro geoprocessing workflow.

Figure A-2: QGIS geoprocessing workflow.
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Figure A-3: Chazuta, Peru flood impact ArcGIS Pro - Agriculture.

Figure A-4: Chazuta, Peru flood impact ArcGIS Pro - Population.
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Figure A-5: Chazuta, Peru flood impact ArcGIS Pro - Infrastructure.

Figure A-6: Chazuta, Peru flood impact ArcGIS Pro - Combined.
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Figure A-7: Chazuta, Peru flood impact QGIS - Agriculture.

Figure A-8: Chazuta, Peru flood impact QGIS - Population.
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Figure A-9: Chazuta, Peru flood impact QGIS - Infrastructure.

Figure A-10: Chazuta, Peru flood impact QGIS - Combined.
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Figure A-11: Chazuta, Peru flood impact Python - Agriculture.

Figure A-12: Chazuta, Peru flood impact Python - Population.
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Figure A-13: Chazuta, Peru flood impact Python - Infrastructure.

Figure A-14: Chazuta, Peru flood impact Python - Combined.
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Figure A-15: Inirida, Colombia flood impact ArcGIS Pro - Agriculture.

Figure A-16: Inirida, Colombia flood impact ArcGIS Pro - Population.
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Figure A-17: Inirida, Colombia flood impact ArcGIS Pro - Infrastructure.

Figure A-18: Inirida, Colombia flood impact ArcGIS Pro - Combined.
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Figure A-19: Inirida, Colombia flood impact QGIS - Agriculture.

Figure A-20: Inirida, Colombia flood impact QGIS - Population.
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Figure A-21: Inirida, Colombia flood impact QGIS - Infrastructure.

Figure A-22: Inirida, Colombia flood impact QGIS - Combined.
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Figure A-23: Inirida, Colombia flood impact Python - Agriculture.

Figure A-24: Inirida, Colombia flood impact Python - Population.
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Figure A-25: Inirida, Colombia flood impact Python - Infrastructure.

Figure A-26: Inirida, Colombia flood impact Python - Combined.
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Figure A-27: Krok Phra, Thailand flood impact ArcGIS Pro - Agriculture.

Figure A-28: Krok Phra, Thailand flood impact ArcGIS Pro - Population.
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Figure A-29: Krok Phra, Thailand flood impact ArcGIS Pro - Infrastructure.

Figure A-30: Krok Phra, Thailand flood impact ArcGIS Pro - Combined.
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Figure A-31: Krok Phra, Thailand flood impact QGIS - Agriculture.

Figure A-32: Krok Phra, Thailand flood impact QGIS - Population.
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Figure A-33: Krok Phra, Thailand flood impact QGIS - Infrastructure.

Figure A-34: Krok Phra, Thailand flood impact QGIS - Combined.
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Figure A-35: Krok Phra, Thailand flood impact Python - Agriculture.

Figure A-36: Krok Phra, Thailand flood impact Python - Population.
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Figure A-37: Krok Phra, Thailand flood impact Python - Infrastructure.

Figure A-38: Krok Phra, Thailand flood impact Python - Combined.
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